ABSTRACT A tone-mapped image (TMI) converted from its high-dynamic-range image (HDRI) tends to appear overexposed in its brightest regions or underexposed in its darkest regions, resulting in inevitable loss of details and impaired naturalness and aesthetics. To address this issue, this paper proposes a novel blind TMI quality assessment (BTMIQA) method for HDRIs used in different dynamic range displays. The brightest and darkest regions of the TMI are first defined and segmented, and their local detail features are used in combination with the global detail feature of the TMI to evaluate the detail distortion. The natural scene statistics features of the luminance and yellow channels of the TMI are then used to evaluate the luminance naturalness and chrominance naturalness, respectively. Subsequently, to predict the aesthetics of the TMI, a series of colorfulness features are extracted and concatenated in a final feature vector, which is used to evaluate the TMI quality by random forest regression. Experiments are performed on the TMI database and ESPL-LIVE high-dynamic-range database, and the results show the effectiveness of the proposed method. Compared with the existing TMI quality assessment methods, the proposed BTMIQA method is more consistent with human visual perception.
I. INTRODUCTION
The dynamic range that human visual system (HVS) is capable of perceiving in a scene (approximately 10 6 :1) is substantially greater than that of traditional low dynamic range (LDR) imaging technology, which can only capture about eight f -stops (256:1) [1] . High dynamic range (HDR) imaging, which is capable of capturing the full range of light in a scene, has thus attracted increasing attention in recent years [2] . However, the current high-cost of HDR display devices has limited their applications. Tone-mapping technologies have consequently been developed to enable the visualization of high dynamic range images (HDRIs) on LDR display devices while maintaining the visual attractiveness of the images. This involves the conversion of HDRIs into corresponding low-dynamic-range images (LDRIs), referred to as tone-mapped images (TMIs) [3] . However, the utilized tonemapping operators (TMOs) inevitably cause information loss and quality degradation due to the reduction of the dynamic range of the converted images. Despite this inferiority of a TMI to the original HDRI, TMI generated by a suitable TMO is still more visually pleasing than a traditional LDRI [4] . Therefore, it is necessary to develop appropriate TMI quality assessment methods to improve the processing of HDRIs and expand their applications.
In traditional full-reference (FR) LDR image quality assessment (IQA) methods, the reference image and distorted image have the same dynamic range. However, owing to the substantial differences between the dynamic range of an HDRI and its corresponding TMI, traditional FR IQA methods are inapplicable to TMIs. Yeganeh and Wang [5] therefore proposed a tone mapping quality index (TMQI) based on a combination of the modified multi-scale structural similarity (MS-SSIM) [6] and statistical naturalness. In this method, the dynamic range of the features extracted from the HDRI is similar to that of its TMI, and the TMI's naturalness is thus integrated in the TMQI. This method is superior to the direct application of a traditional FR IQA method to a TMI. However, the chrominance distortion of the TMI is not sufficiently considered by the TMQI. The TMQI nevertheless has two main benefits. Firstly, it represents a pioneering effort to develop a special method for the quality evaluation of a TMI; and secondly, its application affords a tone-mapped image database (TMID) consisting of 15 HDRIs and their corresponding 120 TMIs. With regard to other previous related works, Zhang et al. [7] compressed the R, G and B channels of a color HDRI and evaluated the three channels using the modified feature similarity index (FSIM). Although the previously proposed FSIM for tone-mapped image (FSITM) [8] also considered color distortion, it neglected the naturalness of the TMI, and the compression on the three color channels also produced distortions. Song et al. [9] proposed a naturalness index for tone-mapped image (NITI). The NITI method combined the brightness, contrast, color and details to yield the overall naturalness quality of the TMI, and showed its better performance.
However, it is difficult to extract features of the same dynamic range from an HDRI and its TMI. Further, the reference HDR images are not available in many practical scenarios such as terminal display and post-processing systems. As a result, the blind TMI quality assessment method is thus more practical than the FR ones. The distortion of a TMI mainly consists of detail loss, especially in the brightest or darkest regions, and this is quite different from a traditional LDRI. Traditional blind LDRI quality assessment methods are thus also inapplicable to TMIs. To address this issue, Gu et al. [10] proposed a blind tone-mapped image quality index (BTMQI) based on an analysis of the information entropy, statistical naturalness, and structural preservation of the image. Although this method produced better results, it also caused color distortion. In addition, it has some limitations, such as its consideration of only the luminance information of the TMI, ignoring the key issue of color reproduction in the perceived quality of the TMI. Kundu et al. [11] proposed an HDRI gradient based evaluator (HIGRADE) using both standard space-domain and HDR-specific gradient-domain natural scene statistics (NSS) features, and it performed well on the ESPL-LIVE HDR database [12] .
Tone mapping tends to induce overexposure or underexposure. The distortion so created in a TMI directly causes loss of details in the brightest or darkest regions, and also indirectly affects the naturalness and aesthetics of image. To address these issues, this paper proposes a new blind tonemapped image quality assessment (BTMIQA) method that considers the details of the brightest and darkest regions of the TMI, as well as its naturalness and aesthetics. The main contributions of this paper are summarized as follows: (1) Considering the detail distribution of a TMI is different from that of traditional LDR image, and a high-quality TMI should maintain important information in both its brightest and darkest regions; in addition, it is shown that the brightest and darkest m% (m = 10, 20, and 30) regions of a TMI and its original HDRI are nearly consistent, therefore, the features of the brightest m% regions and darkest m% regions are used to evaluate the detail distortion of the TMI. (2) Considering the color distortion is an important factor of TMI quality assessment, the NSS features in the yellow channel of the TMI are also extracted and used to evaluate the color naturalness. The colorfulness is further evaluated from an aesthetic perspective. The remainder of this paper is organized as follows. Section 2 represents a detailed description of the proposed BTMIQA method. Section 3 analyses the performances of all the features of the proposed method and compare the method with existing TMI quality assessment methods and state-of-the-art blind LDRI quality assessment methods. Section 4 concludes the paper.
II. THE PROPOSED METHOD
The differences between the distortions of TMIs and traditional LDR images are mainly in two areas, namely, the details in the brightest and darkest regions; and naturalness and aesthetic distortions in the former, as opposed to blurring, blocking, and ringing artifacts in the latter. On the basis, the quality evaluation of TMI in the present study considered three aspects: the details in the brightest and darkest regions and global region; naturalness; and aesthetics. The framework of the proposed method is shown in Fig.1 . The tone mapping compresses the dynamic range of the obtained TMI, resulting in apparent underexposure or overexposure, with the details in the brightest and darkest regions of the TMI reflecting the tone mapping distortion. Through a series of experiments, it is found that the brightest and darkest m% (m = 10, 20, and 30) regions of the TMI are nearly consistent with those of the original HDRI. The detail features in the brightest and darkest m% regions of the TMI are thus first defined and extracted, and then combined with the global detail feature to evaluate the detail distortion of the TMI. Because underexposure or overexposure tends to decrease the image naturalness, the NSS features in the luminance channel and yellow channel of the TMI are subsequently extracted and used to predict the luminance and chrominance naturalness, respectively. Thereafter, the colorfulness features are extracted to evaluate the aesthetics of the TMI. Finally, all the extracted features are used to construct a feature vector, which is in turn used to evaluate the overall quality score of the TMI by random forest regression.
A. DETAIL FEATURES IN BRIGHTEST, DARKEST AND GLOBAL REGIONS Fig.2 (a) and 2(b) show two TMIs generated by two different TMOs, selected from the TMID database [5] . The TMI in Fig.2 (b) clearly appears overexposed, with the resultant loss of much detail. In contrast, the TMI in Fig.2 (a) preserves practically the complete information. The subjective score of the TMI in Fig.2 (a) is thus higher than that of the TMI in Fig.2(b) . In many IQA methods, information entropy is used to measure the amount of information contained in the image [13] . Table 1 compares the global entropies of the two TMIs in Fig.2 . As can be observed, the entropy of the TMI in Fig.2 (b) is higher than that of the TMI in Fig.2 (a), contrary to subjective perception. This illustrates the inaccuracy of measuring the subjective quality of an image based on only the global entropy.
During tone mapping, the luminance values in the middle range of the HDRI are slightly compressed to better preserve the details in the middle luminance region. However, the luminance values in the highest or lowest range are significantly compressed, resulting in significant loss of details in the highest or lowest luminance region. In other words, the detail distortion mainly occurs in the brightest or darkest region of TMI [14] . The detail information entropy could thus be extracted from the brightest and darkest regions to evaluate the local detail distortion.
Let I denote the TMI, I ={I (i, j)}, B denote the brightest regions of the TMI, B={R B (i, j)}, where {R B (i,j)} is a binary image, then
where T B is the luminance threshold. The extracted preliminary brightest region {R B (i, j)} may be constituted by several disconnected regions, and a few scattered pixels may even be present. Morphological operators could therefore be used to fill out such scattered pixels. Here, morphological openings and closings with an appropriate structure element A, which is a disk one with a radius of 3 pixels, are used to obtain more connected bright regions B. Hence,
where
' is the opening operator, and ''• '' is the closing operator. Similarly, let D denote the darkest regions, then
where T D is the luminance threshold used to extract the preliminary darkest region {R D (i, j)}. TMIs with different scene contents have quite different luminance thresholds or different areas of the brightest and darkest regions. A series of experiments showed that the brightest and darkest m% (m = 10, 20, and 30) regions of a TMI and its original HDRI are nearly consistent. To roundly capture the distortions of the brightest and darkest regions, the brightest 10%, 20%, and 30% regions are set as the Fig.3 shows the brightest and darkest regions of the HDRI corresponding to the two TMIs in Fig.2 . When T B1 is used as the threshold of the brightest region, the dome in the upper part of the image and the three windows in the lower part can be extracted. When T B2 or T B3 is used as the threshold, the brightest regions are more completely extracted. Likewise, when T D1 is used as the threshold of the darkest region, the wooden frames in the left and upper right parts of the image can be extracted. When T D2 or T D3 is used, the wooden frames at the center of the image can also be extracted. The foregoing shows that the thresholds enable reasonable extraction of the brightest and darkest regions, which is highly consistent with HVS. The information entropy can be used to compute the amounts of information contained in the brightest and darkest regions. Table 2 compares the local information entropies of the TMIs in Fig.2 . The TMI in Fig.2(a) has normal exposure and preserves much more detail information in the brightest regions and slightly less detail information in the darkest regions compared with the TMI in Fig.2(b) which looks like overexposed. As indicated in Table 2 , while the entropies of the brightest regions of the TMI in Fig.2(a) are much higher than those of the TMI in Fig.2(b) , the entropies in the darkest regions of the former are slightly less than those of the latter. This illustrates that the variations of the local entropies are consistent with human visual perception. Hence, the global entropy of the TMI, denoted by f 1 , and the local entropies of the brightest and darkest regions, denoted by f 2 -f 7 , can be combined to evaluate the detail distortion of the TMI.
B. NATURALNESS
Underexposure or overexposure of a TMI may also affect its naturalness. A high-quality TMI appears natural and satisfies a number of characteristics of natural images. The NSS features are thus used to evaluate the distortion of the naturalness of TMI. As illustrated in Fig.6 , the TMID database [5] contains three types of TMIs generated by three different TMOs. The TMI in Fig.6(a) is normally exposed and of higher subjective quality, while those in Figs.6(b) and 6(c) are respectively overexposed and underexposed and of lower subjective qualities.
Taking into consideration the contrast masking effect, the normalized luminance coefficients (NLC) map extracted from TMI luminance map L with size of M × N is defined as the NLC feature map in the luminance channel
where w = w k,l |k = −K , . . . , K ; l = −L, . . . , L is a two-dimensional circularly-symmetric Gaussian weighting function and i ∈ {1, 2, . . . , M } and j ∈ {1, 2, . . . , N } are spatial indices. The yellow channel provides the HVS with direct yellow light information, which is relevant to the perception of distortion, especially in sunlit scenes. In addition, features extracted from the yellow color channel can be efficiently used to capture a few distortions that are not captured by the luminance channel alone [15] . The RGB image is first transformed into the yellow channel using Eq.(10), and the σ map is then extracted by Eq.(9). Finally, Eq. (7) is used to obtain the NLC map, which is referred to as the NLC feature map in the yellow channel. Fig.7 shows the statistical histograms of the NLC features in the luminance channel, while Fig.8 shows the statistical histograms of the same features in the yellow channel, where the three TMIs in Fig.6 are the used images. The curves in Figs.7(b) and 7(c) have similar shapes, which are different from that of the curve in Fig.7(a) . This is mainly due to the absence of detail information in the underexposed and overexposed regions, indicating similar original luminance values in these regions. After the removal of the local mean, most of the values are approximately 0. The histogram can therefore be characterized as high peak and heavy tail. Similar observation can be made from Fig.8 , indicating that the VOLUME 6, 2018 variations of the curves of the features in the luminance and yellow channels reflect the distortion of the image naturalness. Therefore, the model parameters (α, σ 2 ), the sample statistics (kurtosis and skewness)of the generalized Gaussian distribution (GGD) of the features in the luminance channel, denoted by f 8 -f 11 , and the goodness of the GGD of the features in the yellow channel, denoted by f 12 , are used as the NSS features in the present study to evaluate both the luminance and chrominance naturalness.
where (·) is the gamma function
C. AESTHETIC FEATURES
Although tone mapping affects the colorfulness of HDRI, a TMI with good colorfulness affords visual perception. HVS is sensitive to luminance and saturation, which are thus important attributes for assessing the aesthetic quality of an image [16] . Fig.9 shows a TMI and its luminance and saturation maps, which are divided into nine patches by the rule of thirds grid. The luminance features, denoted by f 13 -f 21 , and the saturation features, denoted by f 22 -f 30 , can be combined to evaluate the aesthetics of the TMI [17] . The following expressions will be applied
where i ∈ {1, 2, . . . , 9} is the number of a block in the TMI, j ∈ {1, 2, . . . , L} is the number of a pixel in a block, L is the total number of pixels in a block, v i,j and s i,j are the luminance and saturation values of the j-th pixel in the i-th block, respectively, and V i and S i are the luminance and saturation features of the i-th block, respectively.
D. POOLING STRATEGY
A random forest (RF) is adopted as the pooling strategy in this study. A RF is a high-speed machine-learning method that is not prone to overfitting. It is composed of many independent decision trees, all of which have equal weight in the final combing. When a new sample is inputted, each tree in the forest independently makes a decision on it, with the mean of all the decisions of the trees adopted as the final output [18] . The proposed BTMIQA method has been developed based on a set of 30-dimensional feature vectors {f 1 , f 2 , . . . , f 30 } for each TMI, their corresponding subjective scores, and RF. In the training stage, the feature vectors and their corresponding subjective scores for the training images are used to construct an image quality prediction model. In the testing stage, the feature vectors extracted from the test image are inputted into the prediction model, which outputs the quality score Q represented by
III. EXPERIMENTAL RESULTS AND DISCUSSION
In the experiments, we compared the performance of the proposed method with the existing state-of-the-art IQA methods on the TMID database [5] , ESPL-LIVE HDR database [12] and their combination. The TMID database was developed by the researchers from University of Waterloo, Canada. Fifteen sets of images are contained in the database, with each set comprising a HDRI and its eight TMIs generated by eight different TMOs. Twenty subjects were requested to rank the eight TMIs of each set from the best to the worst, using scores between 1 and 8. The twenty scores of each TMI was then averaged and adopted as its final score.
The ESPL-LIVE HDR database was recently created by the researchers from the University of Texas at Austin, USA. A total number of 1811 LDRIs contained in the database were generated by three distinct types of HDR processing algorithm including TMO, multi-exposure fusion, and post processed. The subjective scores were obtained via a large-scale crowdsourcing online subjective study, where over 5000 raw opinion scores on the total images. The 747 TMIs and its subjective quality scores extracted from the database are used in the experiments.
As suggested by the Video Quality Expert Group (VQEG) [19] , the Pearson linear correlation coefficient (PLCC), Spearman rank-order correlation coefficient (SROCC) and Kendall's rank-order correlation coefficient (KROCC) are used to validate the performance of the proposed IQA method. The PLCC is an indication of the prediction accuracy, while the SROCC and KROCC are measures of the prediction monotonicity. For a good objective IQA method, the PLCC, SROCC, and KROCC should all be close to unity. 
A. TRAIN-TEST PROCEDURE AND EFFECT OF TRAINING SET SIZE
To evaluate the correlation performance of the proposed method, TMIs in the database are randomly divided into two sets. The first set is the training set, the images of which are used to train the prediction model. The other set is the testing set. The qualities of the images in this set are scored by the prediction model. The PLCC, SROCC and KROCC values of the model scores are then computed on the basis of subjective quality scores. To eliminate performance bias, random selection of the training and testing sets is repeated 1000 times, with the training set size varied as n% (n = 50, 60, 70, 80, 90). The median performance indices for cases are adopted as the final results, which are presented in Table 3 . As can be observed from the table, the performance of the prediction model improves with increasing size of the training set. In the train-test procedure, 80% and 20% are chosen as the sizes of the training and testing sets, respectively.
B. FEATURE ANALYSIS IN THE PROPOSED BTMIQA METHOD
In the proposed BTMIQA method, the features extracted from the TMI are of three types: detail features f 1 -f 7 , naturalness features f 8 -f 12 , and aesthetic features f 13 -f 30 . The performances of the features are presented in Table 4 . The detail features include the global feature f 1 and the local features f 2 -f 7 . A high-quality TMI contains a large amount of information; and the single global detail feature f 1 does not accurately reflect the image's distortion. The detail features extracted from the brightest regions {B 1 , B 2 , B 3 } and darkest regions {D 1 , D 2 , D 3 } are respectively denoted by {f 2 , f 4 , f 6 } and {f 3 , f 5 , f 7 }. Using a combination of the local detail features and the global feature produces a higher performance compared with using only the global feature, validating the assumption that the details in the brightest and darkest regions of a TMI significantly affect its quality. To fully capture the distortion of different scene contents in the brightest and darkest regions of TMI, the local features {f 2 , f 4 , f 6 } and {f 3 , f 5 , f 7 } are all combined with the global feature f 1 , and showed higher performance. The naturalness features comprise the NSS features in the luminance channel f 8 -f 11 and the NSS features in the yellow channel f 12 , while the aesthetic features comprise the luminance features f 13 -f 21 and saturation features f 22 -f 30 . The distortion caused by tone mapping mainly affects the luminance component of the image, but the evaluation performance is increased by also considering the chrominance features of the naturalness and aesthetic components. Among the three types of features, the detail features most significantly contribute to the performance of the IQA method. The essential difference between HDRI and LDRI is their dynamic ranges. The wider dynamic range of HDRI enables the preservation of more details in the brightest and VOLUME 6, 2018 darkest regions. The more accurate distortion evaluation of the proposed IQA method stems from the close relationship it established between the detail features and the contents of the HDRI.
As can be observed from the additional experimental results presented in Table 5 , each of the three types of features performs better when combined with another feature, and the best performance is achieved when all three types of features are combined. This confirms that all three types of features are important to the quality of TMI. The simple pooling strategy applied to the features in this study also contributed to the higher performance.
C. OVERALL PERFORMANCE COMPARISON
The performance of the proposed BTMIQA method was compared with some of other state-of-the-art methods on the TMID database, as listed in Table 6 . TMQI [5] , FSITM [8] and NITI [9] are FR TMI quality assessment methods; BLIINDS-II [20] and BRISQUE [21] are blind LDRI quality assessment methods; BTMQI [10] is a blind TMI quality assessment method. TMQI, FSITM, NITI, BTMQI and the proposed BTMIQA method are specifically designed for TMIs and can all be observed to perform better than BLIINDS-II and BRISQUE, which are designed for LDRIs. This confirms that an LDRI quality assessment method is unsuitable for the evaluation of a TMI. Without the original HDRI, BTMQI and the proposed BTMIQA method still performed better than the FR TMQI and FSITM.
Due to the lack of reference HDRIs, the performance of the proposed BTMIQA method was only compared with those of other blind state-of-the-art methods on ESPL-LIVE HDR database, as listed in Table 7 . Likewise, BTMQI, HIGRADE [11] and the proposed BTMIQA method designed for TMIs performed better than BLIINDS-II and BRISQUE designed for LDRIs. Furthermore, HIGRADE and the proposed BTMIQA method can be observed to perform better than BTMQI, which confirms the importance of the chrominance distortion in the TMI quality assessment.
Considering the scale and distortion types of TMID and ESPL-LIVE HDR databases, the two databases were combined, named as the TMID-ESPL database which consists of 867 TMIs. The training set contains TMIs from TMID as well as ESPL-LIVE HDR databases, but to be fairer, the training set does not contain images having same image content with that in the testing set, that is, the training set and testing set are not overlapped thoroughly. The performance of the proposed BTMIQA method was also compared with those of other state-of-the-art methods on the TMID-ESPL database, as listed in Table 8 . Noted that the pooling strategy of the methods in this table are all the machine learning methods, such as Support Vector Machine (SVM), RF. Here, RF is used as the common pooling strategy of these methods to train for a prediction model. It is also seen that the proposed BTMIQA still performed better than the other methods on the TMID-ESPL database.
All the experimental results on the TMID, ESPL-LIVE HDR and their combination TMID-ESPL databases showed that the proposed BTMIQA method achieved the highest performance. The proposed method is thus highly consistent with the HVS, enabling efficient extraction of features for high-performance HDRI quality assessment. Considering its additional benefit of low complexity, the proposed BTMIQA method is more practicable than other TMI quality assessment methods.
IV. CONCLUSION
The main difference between a high-quality tone-mapped image and a traditional low-dynamic-range image or poor tone-mapped image is that the former preserves more detail information in its brightest and darkest regions. A highquality tone-mapped image appears more natural and beautiful, which is similar with the characteristics of a high-quality traditional image. In this study, the detail features in the brightest, darkest, and global regions of a tone-mapped image are extracted, as well as the natural scene statistics features in the luminance and yellow channels and the aesthetic colorfulness. By the application of a simple pooling strategy to the extracted features, a new blind tone-mapped image quality assessment (BTMIQA) method has been developed and its high performance has been experimentally verified. There are, however, some aspects of the proposed BTMIQA requiring further study. For example, there is the need to determine an appropriate luminance threshold for extracting the brightest and darkest regions from tone-mapped images with different scene contents. Six different luminance thresholds are used to extract three types of the brightest and darkest regions for comprehensive distortion detection. An appropriate method for the initial extraction of the brightest and darkest regions using a single luminance threshold is required, and this can be followed by consideration of the high-level aesthetic features for the evaluation of the colorfulness of the image. Additional general features can be extracted to further enhance the tone-mapped image quality assessment and its usability in high-dynamic-range-related applications. 
